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Rapid assessment of spatial distribution of earthquake-induced landslides could provide valuable information in
the emergency response phase. Previous studies proposed global analyseswith the aimof predicting earthquake-
induced landslide distributions in near real-time. However, in all those studies, mapping units are constituted by
pixels, which do not reflect homogeneously distributed physical property for a given terrain unit and whose size
do notmatch the resolution of existing thematic data at global scale.Moreover, none of the existing analyses con-
siders sampling balance between different inventories or categorizing the inventories to construct a training set
with higher statistical representativeness. We develop an improved global statistical method to address these
drawbacks.Weuse slope units, which are terrain partitions attributed to similar hydrological and geomorpholog-
ical conditions and to processes that shape natural landscapes. A set of 25 earthquake-induced landslide-events
are selected and categorized based on the similarity between causal factors to determine themost relevant train-
ing set tomake a prediction for a given landslide-event. As a result, we develop a specificmodel for each category.
We sample an equal number of landslide points from each inventory to overcome the dominance of some inven-
torieswith large landslide population.Weuse seven independent thematic variables for both categorizing the in-
ventories and modeling, based on logistic regression. The results show that categorizing landslide-events
introduces a remarkable improvement in the modeling performance of many events. The categorization of
existing inventories can be applied within any statistical, global approach to earthquake-induced landslide
events. The proposed categorization approach and the classification performance can be further improved
with the acquisition of new inventory maps.
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1. Introduction

Earthquakes can severely impact society in both underdeveloped
and developed countries (Linnerooth-Bayer and Amendola, 2000). In
underdeveloped countries, exposure and vulnerability to earthquakes
have increased (Bhattarai and Conway, 2010) because of unplanned
settlements and uncontrolled urban sprawl. Ground shaking itself
causes around 60% of all economic losses and deaths induced by earth-
quakes, while the remaining 40% are due to secondary effects such as
tsunamis, liquefaction, fires, and landslides (Daniell et al., 2017).
Earthquake-induced landslides (EQIL) are one of the most damaging
secondary hazards associated with earthquakes (Jibson et al., 2000).
Therefore the estimation of earthquake-induced landslide hazard is an
important riskmitigation component in seismically activemountainous
areas (Wasowski et al., 2011).

In the last decades, a variety of statistical, heuristic or physically-
based modeling methods have been applied for landslide susceptibility
assessment also over large areas (Allstadt et al., 2017; Reichenbach
et al., 2018), although the inclusion of proper seismic indicators is still
a challenge, due to the large number of possible earthquake scenarios
and associated landslide effects (e.g., Budimir et al., 2014; Nowicki
et al., 2014). Several global approaches to predict EQIL exist. Nadim
et al. (2006) were one of the first to generate a global earthquake-
induced landslide susceptibility map based on heuristic methods
with global datasets of climate, lithology, earthquake activity and
topography.

In addition to pre-earthquakehazard assessment, another important
component is to evaluate the expected landslide distribution or density
immediately after an earthquake has occurred, before landslides can be
mapped using satellite images, in order to support relief operations.
Godt et al. (2008) developed a model with a spatial resolution of 1 km
to examine the probable spatial extent of EQIL, based on three EQIL in-
ventories. They introduced a hybridmodelwith a combination of a sim-
plified Newmark approach and a heuristic model. Nowicki et al. (2014)
developed a statistical model with a spatial resolution of 1 km based on
logistic regressionusingfive EQIL inventories to estimate theprobability
of landslide occurrence in a given area. This model was later improved
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using grids of 250 m and 23 EQIL inventories from a variety of tectonic
and geomorphic settings by Nowicki Jessee et al. (2018). The U.S. Geo-
logical Survey (USGS) is currently running these three models in paral-
lel in testing mode to improve them with additional data acquisition
(Allstadt et al., 2017). Also, statistical models have been proposed for
the global post-earthquake application. Kritikos et al. (2015) used
fuzzy logic to estimate theprobability of landslide occurrence associated
with earthquakes, based on three EQIL inventories with a spatial resolu-
tion of 60 m. Parker et al. (2017) examined nine EQIL inventories and
proposed a logistic regression model to express the spatial probability
(with 30 m spatial resolution) of EQIL considering the effect of missing
small landslides. Robinson et al. (2017) suggested using fuzzy logic to
predict landslide point density using a training set which is created by
mapping part of EQIL soon after an earthquake.

There are threemain challenges in near real-time estimation of EQIL
distribution: (i) reliable ground motion parameters, (ii) missing causal
factors, and (iii) a limited number of EQIL inventories. The most impor-
tant is related to the relatively poor quality and/or spatial resolution of
ground motion parameters derived from ShakeMap (Allen et al., 2008;
Garcia et al., 2012). ShakeMap is a system (Allen et al., 2008; Garcia
et al., 2012) developed by the U.S. Geological Survey (USGS) to provide
the deterministic estimates of ground motion parameters after an
earthquake. The spatial resolution of ShakeMap grid is 1 km, which
does not account for topographic amplification of seismic energy, one
of the key factors to control landsliding (Meunier et al., 2007). Also,
the quality of ShakeMap data might be low for some earthquakes
where information on the rupturing event is poor (Wald et al., 2008).
Additional requirements for real-time EQIL distribution modeling are
knowledge of the rock mass strength (Hoek and Brown, 1980), the ef-
fect of previous earthquakes (Parker, 2013), and previously occurred
landslides (Samia et al., 2017). However, it is difficult to take these
causal factors fully into account in a globally applicable approach, due
to the lack of global geotechnical data and sufficiently complete land-
slide inventories. A Global Landslide Catalog (GLC) was developed by
Kirschbaum et al. (2010) with the goal of identifying rainfall-triggered
landslide events around the world, regardless of size, impacts or loca-
tion. A similar attempt for EQIL inventories was reported by Tanyaş
et al. (2017). However, these landslide databases are far from complete.
This is related to another problem in real time modeling of EQIL distri-
bution,which is the lack of sufficient digital EQIL inventories to generate
relevant statistical models for different tectonic and physiographic
settings.

Additionally, the existing EQIL inventories differ substantially re-
garding quality and completeness (Tanyaş et al., 2018). Each inventory
was created for a different purpose based on different expertise andma-
terials. Thus, some of the inventories are not complete; includes only a
small part of the landslide-affected area.

One of the common features of existing global approaches is that
they use pixels as mapping units. A mapping unit should be a portion
of the land surface having different ground conditions from the adja-
cent units across definable boundaries (Hansen, 1984). The selection
of proper mapping units is crucial because it determines how the-
matic and landslide data are sampled to prepare the training and pre-
diction subsets for statistical susceptibility modeling (Rossi and
Reichenbach, 2016). A meaningful mapping unit should maximize in-
ternal homogeneity and between-units heterogeneity of a defined do-
main (Guzzetti et al., 1999). In a pixel-based analysis, the study area
is divided into regular squares regardless of the internal homogeneity
of mapping units, and the defined grids usually do not represent a
physical property of the terrain (Schlögel et al., 2018). Slope Units
(SUs) are used to overcome this significant drawback of pixel-based
analyses. SUs divide the terrain into mapping units with similar hy-
drological and geomorphological conditions, and they are shaped by
similar processes occurring in the natural landscape under the same
geo-environmental conditions. Therefore, SU is considered a well-
suited terrain subdivision for landslide susceptibility modeling and
zonation (e.g., Carrara, 1988; Guzzetti et al., 1999; Guzzetti et al.,
2006).

Another issue that has not been addressed in existing models is the
sampling balance between inventories used in modeling. Including a
different number of observations from different inventories may result
in a training set with lack of representativeness due to the dominance
of an inventory with larger observation points. For example, Allstadt
et al. (2018) evaluated the results of three global statistical approaches
(Godt et al., 2008; Nowicki Jessee et al., 2018; Nowicki et al., 2014) for
landslides triggered by the 2016 Kaikōura, New Zealand earthquake
and stated that all models overpredict hazard. Allstadt et al. (2018)
noted that this could be attributed to the effect of large landslide popu-
lation of the 2008 Wenchuan, China earthquake that was used in all
models for training and/or validation.

For a given earthquake, two different training and modeling strate-
gies can be followed. The first strategy is to develop a single model
and apply it to any future earthquake to estimate EQIL probabilities. In
this case, the model is trained for the optimum number of inventories
and validated using the rest of the inventories. This is the method com-
monly applied in similar modeling studies (e.g., Kritikos et al., 2015;
Nowicki et al., 2014). However, this may not be realistic as earthquakes
may occur in different climatic, geologic and topographic conditions and
trigger landslides with different spatial distributions. Thus, this alterna-
tive does not consider the similarities and differences between training
and validation areas, and thus the representativeness of training set ei-
ther. The representativeness of training sets is an important factor that
significantly affects the quality of landslide susceptibility assessment
(e.g., Kalantar et al., 2018). Carrara et al. (2008) noted that a reliable
training set should be selected from areas with similar local conditions
(e.g., geological units, structures, land-use, rainfall distribution) that
can differ even between neighboring areas. For a near real-time globally
applicablemodel, such an optimal selection for a training set that would
be representative of all the possible settings, may not be possible due to
the limited number of EQIL inventories. Unless a future earthquake hits
an area inwhich an inventory already exists,we need to train ourmodel
using inventories from “similar” historical events around the globe.
Robinson et al. (2017) stated that the models developed for rapid as-
sessment of EQIL suffer from inadequate training data that are not rep-
resentative of the site of prediction. They suggest using only a part of
landslides mapped in the first few hours or days immediately after an
earthquake as the training set. However, mapping part of triggered
landslides is still a time-consuming process, and thus this approach is
not suitable for near real-time predictions. The second possible strategy
is identifying EQIL zones based on causal factors and group the invento-
ries accordingly. In this case, the statistical model is trained and vali-
dated for each zone, and when an earthquake occurs, one can apply
the model specifically trained within similar training areas (EQIL
zones). For example, Petschko et al. (2014) defined 16 different do-
mains based on lithological classes in a regional scale susceptibility as-
sessment for an area in Austria. A similar worldwide categorization of
predictive models for possible EQIL zones, along with a large number
of EQIL inventories, may improve the prediction of EQIL distribution,
yet we may not have enough data to develop reliable EQIL zones.

Two questions need to be addressed to choose the best alternative:
(i) How can we define an optimum training set? (ii) How can we cate-
gorize the EQIL inventories?

This study addresses the drawbacks and issues listed above and aims
at developing an improved model for near real-time estimation of the
probability of EQIL occurrence. To accomplish this task, we examined
a set of 64 EQIL inventories, subdivided our study areas using SUs and
carried out susceptibility analyses based on logistic regression.

2. Materials

We used an on-line EQIL inventory database (Schmitt et al., 2017),
which was collected and presented by Tanyaş et al. (2017). It contains



Table 1
EQIL inventories we used in this study.

ID Location Date Magnitude Number of
landslides

E. Surveyed
Area (km2)

Quality of
ShakeMap
(Grade)

Reference study Included
inventories

Reasoning

1 San Fernando, Cal. (USA) 1971-02-09 6.6 (Mw) 391 320 A Morton (1971) Triggered by several
earthquakes

2 Guatemala 1976-02-04 7.5 (Mw) 6224 5870 B Harp et al. (1981) ✓

3 Friuli (Italy) 1976-05-06 6.5 (Ms) 1007 533 A Govi (1977) ✓

4 Izu Oshima Kinkai (Japan) 1978-01-14 6.6 (Ms) 659 1170 C Suziki (1979) ✓

5 Mount Diablo, Cal. (USA) 1980-01-24 5.8 (Mw) 105 – A Wilson et al. (1985) Not systematically
surveyed

6 Mammoth Lakes, Calif. (USA) 1980-05-25 6.5 (ML) 4027 2323 A (Harp et al., 1984) Triggered by several
earthquakes

7 Coalinga, California (USA) 1983-05-02 6.7 (ML) 3980 2139 A Harp and Keefer (1990) ✓

8 San Salvador (El Salvador) 1986-10-10 5.7 (Mw) 268 – C Rymer (1987) Not systematically
surveyed

9a Loma Prieta, California (USA) 1989-10-18 6.9 (Mh) 1775 – A Keefer and Manson (1998) Not systematically
surveyed

9b Loma Prieta, California (USA) 1989-10-18 6.9 (Mh) 138 2200 A McCrink (2001) ✓

10 Limon (Costa Rica) 1991-04-22 7.6 (Mw) 1643 2032 B Marc et al. (2016) ✓

11 Finisterre Mt./(Papua N. G.) 1993-10-13 6.9 (Mw) 4790 4744 D Meunier et al. (2008) Triggered by several
earthquakes

12 Northridge, California (USA) 1994-01-17 6.7 (Mw) 11,111 4522 A Harp and Jibson (1995) ✓

13 Hyogo-ken Nanbu (Japan) 1995-01-16 6.9 (Mw) 2353 176 A Uchida et al. (2004) ✓

14a Umbria-Marche (Italy) 1997-09-26 6.0 (Mw) 233 679 A Esposito et al. (2000);
Antonini et al. (2002)

Triggered by several
earthquakes

14b Umbria-Marche (Italy) 1997-09-26 6.0 (Mw) 210 264 A Marzorati et al. (2002) Triggered by several
earthquakes

15 Jueili (Taiwan) 1998-07-17 5.7 (Mw) 847 744 D Huang and Lee (1999) Poor quality of ShakeMap
16 Chi-chi (Taiwan) 1999-09-20 7.7 (Mw) 9272 36,039 A Liao and Lee (2000) ✓

17 Santa Tecla (El Salvador) 2001-01-13 7.7 (Mw) 139 – B Ministerio deMedio Ambiente
y Recursos Nat.,
El Salvador (2001)

Not systematically
surveyed

18 Santa Tecla (El Salvador) 2001-02-13 6.6 (Mw) 62 – A Not systematically
surveyed

19 Avaj (Iran) 2002-06-22 6.5 (Mw) 50 – A Mahdavifar et al. (2006) Not systematically
surveyed

20 Denali Alaska (USA) 2002-11-03 7.9 (Mw) 1579 7748 B Gorum et al. (2014) ✓

21 Lefkada Ionian Islands
(Greece)

2003-08-14 6.3 (Mw) 274 172 A Papathanassiou et al. (2013) ✓

22a Mid-Niigata (Japan) 2004-10-23 6.6 (Mw) 10,516 1075 A (Geospatial Information
Authority of Japan, 2005)

Triggered by several
earthquakes

22b Mid-Niigata (Japan) 2004-10-23 6.6 (Mw) 4615 252 A Sekiguchi and Sato (2006) Triggered by several
earthquakes

22c Mid-Niigata (Japan) 2004-10-23 6.6 (Mw) 3922 252 A Yagi et al. (2007) Triggered by several
earthquakes

23a Kashmir (India-Pakistan) 2005-10-08 7.6 (Mw) 2424 2234 A Sato et al. (2007) Inventory 23c has larger
coverage

23b Kashmir (India-Pakistan) 2005-10-08 7.6 (Mw) 1461 1227 A Basharat et al. (2014) Inventory 23c has larger
coverage

23c Kashmir (India-Pakistan) 2005-10-08 7.6 (Mw) 2930 5402 A Basharat et al. (2016) ✓

24 Kiholo Bay (Hawaii) 2006-10-15 6.7 (Mw) 383 171 A Harp et al. (2014) ✓

25a Aysen Fjord (Chile) 2007-04-21 6.2 (Mw) 540 1444 N/A Sepúlveda et al. (2010) No ShakeMap
25b Aysen Fjord (Chile) 2007-04-21 6.2 (Mw) 517 1515 N/A Gorum et al. (2014) No ShakeMap
26a Niigata Chuetsu-Oki (Japan) 2007-07-16 6.6 (Mw) 312 396 A Kokusai Kogyo (2007) Including pre-earthquake

landslides
26b Niigata Chuetsu-Oki (Japan) 2007-07-16 6.6 (Mw) 70 – A Collins et al. (2012) Not systematically

surveyed
27 Pisco/(Peru) 2007-08-15 8.0 (Mw) 271 24,259 A Lacroix et al. (2013) ✓

28a Wenchuan (China) 2008-05-12 7.9 (Mw) 13,114 24,188 A Qi et al. (2010) Inventory 28d has larger
coverage

28b Wenchuan (China) 2008-05-12 7.9 (Mw) 59,108 47,484 A Dai et al. (2011) Inventory 28d has larger
coverage

28c Wenchuan (China) 2008-05-12 7.9 (Mw) 60,109 29,472 A Gorum et al. (2011) Inventory 28d has larger
coverage

28d Wenchuan (China) 2008-05-12 7.9 (Mw) 197,481 75,424 A Xu et al. (2014b) ✓

28e Wenchuan (China) 2008-05-12 7.9 (Mw) 69,605 37,523 A Li et al. (2014) Inventory 28d has larger
coverage

28f Wenchuan (China) 2008-05-12 7.9 (Mw) 6727 177 A Tang et al. (2016) Inventory 28d has larger
coverage

29 Iwate–Miyagi Nairiku (Japan) 2008-06-13 6.9 (Mw) 4211 595 A Yagi et al. (2009) ✓

30a L'Aquila/Abruzzo (Italy) 2009-04-06 6.3 (Mw) 570 1137 A Guzzetti et al. (2009) Triggered by several
earthquakes

30b L'Aquila/Abruzzo (Italy) 2009-04-06 6.3 (Mw) 89 – A Piacentini et al. (2013) Triggered by several
earthquakes

31 Sumatra (Indonesia) 2009-09-30 7.6 (Mw) 87 – C Umar et al. (2014) Not systematically
surveyed

32a Haiti 2010-01-12 7.0 (Mw) 4490 2350 A Gorum et al. (2013) Inventory 32b has larger
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Table 1 (continued)

ID Location Date Magnitude Number of
landslides

E. Surveyed
Area (km2)

Quality of
ShakeMap
(Grade)

Reference study Included
inventories

Reasoning

coverage
32b Haiti 2010-01-12 7.0 (Mw) 23,567 3866 A Harp et al. (2016) ✓

33 Sierra Cucapah (Mexico) 2010-04-04 7.2 (Mw) 453 1520 A Barlow et al. (2014) ✓

34 Yushu (China) 2010-04-13 6.9 (Mw) 2036 1234 C Xu et al. (2013) ✓

35 Eastern Honshu (Japan) 2011-03-11 9.1 (Mw) 3475 21,447 A Wartman et al. (2013) ✓

36 Lorca (Spain) 2011-05-11 5.1 (Mw) 270 – A Alfaro et al. (2012) Not systematically
surveyed

37 Sikkim (India) 2011-09-18 6.9 (Mw) 164 – N/A Chakraborty et al. (2011) No ShakeMap
38a Lushan (China) 2013-04-20 6.6 (Mw) 1289 945 C Li et al. (2013) Inventory 38b has larger

coverage
38b Lushan (China) 2013-04-20 6.6 (Mw) 15,546 5351 C Xu et al. (2015) ✓

39 Minxian-Zhangxian (China) 2013-07-21 5.9 (Mw) 2330 357 C Xu et al. (2014a) ✓

40 Cook Straight (New Zealand) 2013-07-21 6.5 (Mw) 35 – A Van Dissen et al. (2013) Not systematically
surveyed

41 Lake Grassmere (New Zealand) 2013-08-16 6.5 (Mw) 501 – C Van Dissen et al. (2013) Not systematically
surveyed

42 Eketahuna (New Zealand) 2014-01-20 6.1 (Mw) 176 – A Rosser et al. (2014) Not systematically
surveyed

43 Ludian (China) 2014-08-03 6.2 (Mw) 1024 291 C Ying-ying et al. (2015) ✓

44 Wilberforce (New Zealand) 2015-01-05 5.6 (Mw) 265 – C GNS Science (2015) Not systematically
surveyed

45a Gorkha (Nepal) 2015-04-25 7.8 (Mw) 4312 28,130 C Kargel et al. (2016) Inventory 45d has larger
coverage

45b Gorkha (Nepal) 2015-04-25 7.8 (Mw) 2654 17,194 C Zhang et al. (2016) Inventory 45d has larger
coverage

45c Gorkha (Nepal) 2015-04-25 7.8 (Mw) 2513 1197 C Tanyaş et al. (2018) Inventory 45d has larger
coverage

45d Gorkha (Nepal) 2015-04-25 7.8 (Mw) 24,903 28,344 C Roback et al. (2017) ✓

46a Kumamoto (Japan) 2016-04-15 7.0 (Mw) 336 457 A DSPR-KU (2016) Inventory 46b has larger
coverage

46b Kumamoto (Japan) 2016-04-15 7.0 (Mw) 2742 5851 A NIED (2016) ✓

(Mw: moment magnitude; Ms.: surface-wave magnitude; ML: local magnitude.)
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64 digital EQIL inventories for 46 earthquakes with varying levels of
quality and completeness (Table 1). In only a few of those inventories,
the types of landslides were identified (Tanyaş et al., 2017). The 2011
Eastern Honshu, Japan inventory (Wartman et al., 2013) is the only
one having records for lateral spreads, which is a type of landslide gen-
erally occurs as a result of soil liquefaction in saturated sands, gravel, silt,
or occasionally triggered by seismically-induced disturbance in sensi-
tive clays (Keefer, 2002). Because the lateral spreads have a completely
different triggeringmechanism than other types of landslides andwedo
not have enough data to train a predictive model for this type of
landsliding, we excluded the lateral spreads from the inventory of
Wartman et al. (2013). We assumed that the inventories do not include
lateral spreads but various types of landslides such as coherent and
disrupted slides and falls (Keefer, 1984).

To derivemorphometric variables, we used the Shuttle Radar Topog-
raphy Mission (SRTM) digital elevation model (with 30 m resolution)
(NASA Jet Propulsion Laboratory (JPL), 2013). We used the determinis-
tic estimates of ground motion parameters (GMP) released by the U.S.
Geological Survey (USGS) ShakeMap system (Allen et al., 2008; Garcia
et al., 2012) to characterize the different EQIL. We used the global prod-
uct of Sayre et al. (2014) to consider various lithologic and climatic con-
ditions observed on landslide-affected areas examined in this study.
This product has 250 m spatial resolution.

3. Method

We presented the framework of our methodology in five steps,
which are illustrated in Fig. 1 and read as follows:

Step 1:We considered a subset of the EQIL inventories presented by
Tanyaş et al. (2017), discarding the ones we believe are not suffi-
ciently reliable for numerical modeling. We then created SU maps
for the selected inventories using the algorithm developed by
Alvioli et al. (2016).
Step 2: We selected independent parameters that will be used in
both logistic regression analysis and k-means clustering (Jain,
2010), to categorize the inventories. We considered sampling bal-
ance between different inventories while we decide on independent
parameters.
Step 3:We defined the necessary features of a training set needed to
run a global analysis. We considered the optimum size and repre-
sentativeness of a training set, in conjunction with the best set of in-
dependent parameters. This also allowed identifying the inventories
causing low model performance.
Step 4: We categorized the inventories using the selected indepen-
dent parameters.
Step 5: We developed three models trained by (i) all inventory
(Version 1 in Fig. 1), (ii) all inventories except the ones with low
model performance (Version 2), (iii) groups of inventories emerging
from clustering (Version 3). We examined the performance of our
models using the leave-one-out technique.
Step 6: We tested the proposed global analysis using four earth-
quakes with a few landslides were reported.

3.1. Selection of earthquake-induced landslide inventories and events

Harp et al. (2011) defined three basic criteria for evaluating the qual-
ity of landslides inventories related to (i) the coverage of the entire area
affected by landslides, (ii) the inclusion of all landslides down to a size of
1–5 m in length, and (iii) the depiction of landslides as polygons rather
than points. In our database, we have seven of the high-quality invento-
ries listed by (Harp et al., 2011): 1976 Guatemala (Harp et al., 1981),



Fig. 1. Workflow of the method proposed in this work for a global approach to predict
earthquake-induced landslide events.
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1978 Izu Oshima KinKai (Suziki, 1979), 1980 Mammoth Lakes (Harp
et al., 1984), 1983 Coalinga (Harp and Keefer, 1990), 1994 Northridge
(Harp and Jibson, 1995, 1996), 1999 Chi-Chi (Liao and Lee, 2000), and
2008 Iwate-Miyagi-Nairiku (Yagi et al., 2009).

We did not consider in the analysis those EQIL inventories in the da-
tabase that did not have the adequate quality (Table 1). We excluded
those inventories that contained landslides from several subsequent
events, instead of a single earthquake. We also discarded EQIL invento-
ries for which from the authors or the literature report that the
landslide-affected area was not systematically surveyed (Bornaetxea
et al., 2018), for the resulting inventories are probably not complete.
The term completeness refers to whether an EQIL inventory includes
all landslides above a specified size triggered by a specific earthquake
(Guzzetti et al., 2012). Here we refer to the completeness of the inven-
tory within a given boundary, which may cover only a part of the
landslide-affected area. We do not discard inventories obtained a sys-
tematic survey of a subset of the landslide-affected area, such as the
1989 Loma Prieta (McCrink, 2001), the 2006 Kiholo Bay (Harp et al.,
2014) and the 2015 Gorkha (Tanyaş et al., 2018) inventories. If we
have more than one inventory for the same earthquake, we only in-
cluded the one that has the largest number of landslides and covers a
wider area.

We also evaluated the uncertainty level of ShakeMaps to select the
inventories. The relative uncertainty level of each ShakeMap is de-
scribed by a quality grading developed by Wald et al. (2008). In this
grading system, meant primarily for the quick evaluation of near real-
time maps, uncertainty levels of ShakeMaps are presented by letters
from “A” to “F”, based on high- to poor-quality constraints, respectively.
According to this grading system, we discarded the earthquakes which
had a poor grade (grade ≤ D). The list of EQIL inventories, their main
characteristics and references, and the exclusion criteria are presented
in Table 1.

In addition to EQIL inventories, for validation of the proposedmodel,
we considered four earthquakes for which only a few landslides
were reported in the media, but no inventory is available. To identify
such earthquakes, we examined the earthquake catalog of the
countries that EQIL are being monitored well by their national survey
institutions. Tanyaş et al. (2017) sorted the countries based on the
number of EQIL reported earthquakes. Their study shows that the US
EQIL inventories are generated for most of the earthquakes that trigger
landslides, followed by Japan and Taiwan. Therefore, we focused on
these countries.

We identified thefirst two earthquakes from Japan; the 2011 eastern
Honshu (Mw = 6.0) and 2013 Hokkaido (Obihiro) (Mw = 6.9) earth-
quakes. ShakeMaps of these earthquakes show that both of the earth-
quakes affected mountainous regions with strong intensity (Fig. 2).
Based on the records of the Japan Meteorological Agency (http://
www.jma.go.jp/jma) no landslides were reported for both earthquakes.
The third earthquake is the 2014 Napa (6.0) earthquake in the US.
Collins (2014) conducted a reconnaissance survey in the earthquake-
affected area, and although he did not map the entire areas systemati-
cally, he mapped 11 landslides on steep slopes and reported an overall
lack of landslides in the entire area. The fourth earthquake is the 2016
Yujing (Mw= 6.4) earthquake in Taiwan, where the epicenter was lo-
cated in a mountainous area where some landslides were triggered by
the 1999 Chi-chi earthquake. We checked the imagery provided by
Google Earth for the earthquake-affected area and did not observe any
landslide triggered by the event, nor did we find any reported landslide
in the media regarding this event.

3.2. Slope units

We delineated SUs for study areas, which are systematically sur-
veyed landslide-affected areas. SUs can be delineated manually using
topographic maps of adequate scale and quality (Carrara, 1988), but
that would be a time-consuming and error-prone process (Alvioli
et al., 2016). In this study, we used the r.slopeunits software module
(Alvioli et al., 2016) for the automatic delineation of SUs. The module
is integrated into GRASS GIS (Neteler and Mitasova, 2013), and auto-
mates the delineation of SUs, given a DEM and a set of user-defined
input parameters.

The software uses an iterative and adaptive algorithm that divides
the study area into large sub-catchments, which are in turn divided
into half-basins, and eventually into SUs based on hydrological and geo-
morphological conditions. As a result of this adaptive approach, the ob-
tained SUs map contains polygons of varying sizes and shapes. The
output of the software can be tuned by optimized a few input parame-
ters (Alvioli et al., 2016; Alvioli et al., 2018; Schlögel et al., 2018). More-
over, the software contains an option to impose a threshold size below
which SUswould bemergedwith the adjacent polygons facing, on aver-
age, the same direction.

We optimized the average SU size considering the spatial resolution
of selected independent variables. All such predictors have a 30-meter
resolution as they are all derived from the SRTM DEM, whereas the
ground motion parameters have a significantly lower resolution. As
the grid size for ShakeMap is around 1 km, we used a comparable size
threshold of 1 km2 for minimum SU area, below which SUs merging
procedure is enabled. The use of larger SUs gives the advantage that
the analysis is less sensitive to EQIL inventories with lower quality.
The quality of an inventory is determined by the geographical and the-
matic correctness of the information (Guzzetti et al., 2012). In pixel-
based susceptibility assessments, low-quality inventories may have a
misleading effect on susceptibility assessments, if the pixel size is rela-
tively small (resolution ≤90 m), because of a wrong landslide location.
If we work with polygon-based landslide inventory and raster data
with small pixel sizes, the sampling of landslide pixels may be a crucial

http://www.jma.go.jp/jma
http://www.jma.go.jp/jma
Image of Fig. 1


Fig. 2. The ShakeMaps (Allen et al., 2008; Garcia et al., 2012) regarding (a) 2011 eastern Honshu, (b) 2013 Hokkaido, (c) 2014 Napa, and (d) 2016 Yujing earthquakes.
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strategy regarding model result (Rossi and Reichenbach, 2016). Sam-
pling landslide pixels from the centroid of the landslide polygon or
only the scarp area would result in different sets of independent vari-
ables in the susceptibility analyses. Therefore, working with geomor-
phological SUs that have similar aspect mitigates the drawbacks of
pixel-based analyses.

Although it is difficult to analyze the completeness of the EQIL inven-
tories, due to lack of validation data, we examined the EQIL systemati-
cally by visual interpretation (Tanyaş et al., 2017). Therefore, we
assumed that non-landslide observations are equally reliable as land-
slide observations within the landslide-examined area. We limited our
study areas to the reported landslide-examined areas. These areas
refer to the explicitly surveyed area, which was called the effective sur-
veyed areas (ESAs) (Bornaetxea et al., 2018). When ESA was not indi-
cated in the corresponding paper/report, we delineated a convex-hull
polygon encompassing all themapped landslides and used this as an es-
timation of the ESA (Table 1).

To eliminate the flat regions as non-susceptible zones to landsliding
(e.g., Kritikos et al., 2015), we used the GRASS GIS (Neteler and
Mitasova, 2013) r.geomorphon module developed by Jasiewicz and
Stepinski (2013). This algorithm calculates various landform classes
and associated geometry using machine vision approach. The flat

Image of Fig. 2


Table 2
List of independent variables.

Class Independent variables GRASS GIS
module

Reference

Dynamic PGA – Garcia et al. (2012)
Dynamic PGV – Garcia et al. (2012)
Dynamic MMI – Garcia et al. (2012)
Static Slope r.slope.aspect Hofierka et al. (2009)
Static Topographic Wetness

Index (TWI)
r.topidx Cho (2000)

Static Vector Ruggedness
Measure (VRM)

r.vector.ruggedness Sappington et al. (2007)

Static Distance to stream r.watershed & r.grow Ehlschlaeger (1989)
Static Local relief r.geomorphon Jasiewicz and

Stepinski (2013)
Static Landform classes r.geomorphon Jasiewicz and

Stepinski (2013)
Static Plan Curvature r.param.scale Wood (1996)
Static Profile Curvature r.param.scale Wood (1996)
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regions identified by the algorithm, after additional supervised process-
ing, were masked and excluded from the susceptibility assessments.

3.3. Statistical approach

Several statistical methods such as logistic regression, weight of ev-
idence, likelihood ratio, and neural network among the others can be
applied for landslide susceptibility assessments (e.g., Guzzetti et al.,
2006). Among them, logistic regression is themost commonly preferred
and recommended method (Brenning, 2005; Budimir et al., 2015). It
provides a relative estimate of landslide spatial occurrence based on
local terrain conditions. The dependent variable of the logistic regres-
sion model is categorical (presence or absence), whereas the indepen-
dent variables can be categorical, numerical or both (e.g., Atkinson
and Massari, 1998). The logistic retrogression is expressed by the fol-
lowing equation:

logit yð Þ ¼ β0 þ β1X1 þ β2X2 þ…þ βiXi þ e ð1Þ

where y is the dependent variable, Xi is the i-th independent variable,β0

is the constant, βi is the i-th regression coefficient and e is the error. The
relative probability of landslide occurrence is;

p ¼ exp β0þβ1X1þβ2X2þ…þβiXið Þ
.

1þ exp β0þβ1X1þβ2X2þ…þβiXið Þ
� �

ð2Þ

In this study, we used the LAND-slide Susceptibility Evaluation
(LAND-SE) software (Rossi and Reichenbach, 2016) that performs sus-
ceptibility modeling and zonation using logistic regression, quantifies
the model performances, and the associated uncertainty.

We evaluated ourmodel results using the receiver operating charac-
teristics (ROC) curve, which is a technique for visualizing, organizing
and selecting classifiers based on their performance (Fawcett, 2006).
To assess the overall performance of a model, we check the variation
in AUC value (varying between 0.5 for a random classification model
and 1 for a perfect model), which is a metric referring to the area
under the ROC Curve. Also, we use the confusion matrix containing
the percentages of the four possible outcomes of a model: True Positive
(TP), True Negative (TN), False Positive (FP) and False Negative (FN)
(Fawcett, 2006). In the evaluation of susceptibility models, TP rate
(TPR) is also called sensitivity, refers to the proportion of unstablemap-
ping units (SUs with landslides) correctly classified by themodel and is
calculated as TPR = TP/(TP + FN). TN rate (TNR) is also called specific-
ity, refers to the proportion of stable SUs (without landslides) correctly
classified by the model and is calculated as TNR = TN/(TN + FP). We
also consider the total percentage of TP and TN, referred in the literature
as overall accuracy ACC= (TP+ TN)/(TP+ TN+ FP+ FN), as an addi-
tional metric of the model performance.

3.4. Dependent and independent variables

In our case, the dependent variable stores the information regarding
the landslide occurrence within a SU. To define our dependent variable,
we overlaid the landslideswith SUs, and considered the presence of one
or more landslides in the SU to characterize it as unstable, and stable
otherwise.

Independent variables refer to factors controlling landslide occur-
rence. A number of interrelated factors such as topography, lithology,
groundwater conditions, and ground shaking, play a role in the trigger-
ing of EQIL (Gorum et al., 2011). To select the independent variables, we
mainly considered two features of the data; (i) internal consistency, and
(ii) interpretability. By consistency, we refer to data having the same or-
igin and resolution. In this regard, we used global scale products, which
provide the required information consistently anywhere in the world.
Interpretability refers to the possibility of understanding the physical
meaning of the examined predictor in termsof landsliding. For example,
global scale geologic maps are available in the literature. However, in a
global scale study, ranking geologic units from themost landslide prone
to less prone is not feasible, because it is not their geological definitions
that make those units landslide prone, but their lithological features.
Units having the same geological definition may have considerably dif-
ferent landslide susceptibility because of their geotechnical characteris-
tics. Similarly, the given definitions for land cover and climate zones is
not sufficient to rank them based on susceptibility to sliding. Therefore,
we did not consider the factors like geology, land cover or climate.

We categorized the independent variables as dynamic and static
variables (Table 2). With the term dynamic, we referred to landslide
triggering factors which are completely different in each EQIL-event
(i.e., ground shaking parameters). Conversely, with the term static we
referred to the variables that we assume as nearly constant through
time (e.g., morphological variables).

The dynamic variables are immediately available after a new earth-
quake occurrence and then possibly used in our model for the forecast
of EQIL in an operative phase. In the analysis, we used the estimated
ground motion parameters of peak ground velocity (PGV), the peak
ground acceleration (PGA) and the Modified Mercalli Intensity (MMI)
at the location of each landslide from the U.S. Geological Survey
(USGS) ShakeMap Atlas 2.0 (Garcia et al., 2012). MMI is a scale classify-
ing the shaking strength observed at a site while PGV and PGA refer to
the highest speed of shaking and the largest increase in velocity respec-
tively, experienced by a particle on the ground during an earthquake
(Bormann et al., 2013). In order to explain the distribution of EQIL, the
role of some earthquake-related factors such as fault-rupture mecha-
nism and fault geometry (e.g., Gorum and Carranza, 2015; Gorum
et al., 2013; Tatard and Grasso, 2013) are also introduced in the litera-
ture. If these variables are known, they are taken into account, and a
ShakeMap is created accordingly (e.g., Wald, 2013). Therefore, to
avoid duplicated variables we only used ShakeMap products.

For static variables, we derived different morphometric variables
from the SRTM DEM using the modules available in GRASS GIS
(Neteler and Mitasova, 2013). The predictors, the GRASS modules
used to derive them, and the relative references are listed in Table 2.

Each delineated SU was characterized by descriptive statistics of the
predictors (mean values and standard deviations) (e.g., Rossi et al.,
2010) to create the dataset for the susceptibility assessment.

The selection of those independent factors that control the charac-
teristics of each EQIL-event was done considering the significance of
each independent variable when modeling susceptibility using single
EQIL inventory and their combination. We evaluated the significance
level of each variable based on p-values (e.g., Chang et al., 2008).We se-
lected a p-value of 0.05 as a confidence level, below which the relation
between the examined independent and dependent variables (R Core
Team, 2017) was considered significant.
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3.5. Categorization of the EQIL inventories

To categorize the earthquake-affected areas, and thus the in-
ventories, we used one of the most widely used clustering algorithms,
k-means (Jain, 2010). This method identifies a partition of the data,
into a predefined number of clusters, such that the squared error be-
tween the mean of a cluster and the points in the cluster is minimized.
The average values of selected independent variables derived using
SUswere used as inputs of clustering. In themodeling stage, we derived
the average values for the ESAs, whereas in the near real-time applica-
tion of the method, ESAs can be defined using PGA contours. Jibson
and Harp (2016) stated that PGA range of 0.05–0.11 g as an absolute
outermost limit of triggered landslides.

We used the R (R Core Team, 2017) package “clusterboot” developed
by Hennig (2007) for both clustering and evaluating the stability of the
clusters. Hennig (2007) uses the Jaccard coefficient, ameasure of similar-
ity between clusters, as a cluster-wise measure of cluster stability. We
assessed the distribution of the Jaccard coefficient using a bootstrap ap-
proach for every single cluster as compared to the most similar cluster
in the bootstrapped data sets. This clustering algorithm could identify
not only the clusters in the data but also some important, meaningful
patterns. The Jaccard coefficient ranges between 0 and 1 with higher
values indicating greater similarity of grouping. A Jaccard coefficient
between 0.6 and 0.75 indicates that there is a pattern, between 0.75
and 0.85 a valid cluster, and above 0.85 a “highly stable” cluster,
whereas a Jaccard coefficient less than or equal to 0.5 refers to a dissolved
(unstable) cluster (Hsu, 2015).
Fig. 3. A summary graph regarding the selection of independent variables including (a) boxplo
variable had a p-value b0.05 in the susceptibility assessments (×20 runs per inventory).
4. Analyses

4.1. Selection of independent parameters

To evaluate the significance of variables for each EQIL inventory sep-
arately, we ran a susceptibility model 20 times, using different training
and validation sets for each run. The datasets were selected with a ran-
dom procedure to have an equal number of stable and unstable SUs.
Then, without disturbing this ratio, we sampled 75% of SUs as training
set and the other 25% as a validation set. We calculated p-values for all
independent variables regarding these 20 runs (Fig. 3a). By counting
the cases in which independent variables indicate high significance,
we evaluated the overall significance of each variable (Fig. 3b).

We also evaluated the significance of variables using a dataset com-
bined from all inventories. To guarantee the same representativeness,
we randomly selected an equal number of SUs for each inventory. In
total, the combined inventories had 150,000 SUs with 22,000 presence
and 128,000 absence conditions. Each landslide-affected area differs
from others in terms of its size, and thus we observe different numbers
of SUs in each inventory (Fig. 4). The number of SUs with landslides
varies largely and ranges from 27 in the 1989 Loma Prieta inventory
(McCrink, 2001) to 9011 in the 2008 Wenchuan inventory (Xu et al.,
2014b). To create the final combined dataset, we selected a threshold
of 100 SUs with landslides and sampled from each inventory accord-
ingly. Four inventories did not have enough unstable SUs to fulfill this
requirement, hence for these, we sampled all the unstable SUs (b100)
and an equal number of stable SUs. For the remaining inventories, we
ts showing the distributions of p-values for each variable and (b) count of the times each
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Fig. 4. Number of SUs with presence and absence of landslides in each inventory.
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sampled 100 unstable and 100 stable SUs. We used this combined, bal-
anced dataset to examine the variation of the significance of the inde-
pendent variables and ran our susceptibility models 20 times. The
observed variation of the p-values for each variable is shown in Fig. 5.

Results indicate that the significance of the variables from the anal-
ysis of individual inventories (Fig. 3) are not always consistent with
the results from the combined dataset (Fig. 5). The standard deviation
of vector ruggedness measure (VRM), which quantifies terrain rugged-
ness by measuring the dispersion of vectors orthogonal to the terrain
surface (Sappington et al., 2007), is one of themost frequently observed
variables in the inventory-based significance assessment (Fig. 3). How-
ever, in the combined dataset, the median p-value we obtained for this
Fig. 5. Boxplots of p-values for each variable of the combined
variable is 0.17, and thus VRM (std) does not a have a high significance
in the combined model. On the other hand, in general, the variables
with high significance from the combined dataset also have high signif-
icance based on inventory-based analyses. Therefore, we selected the
following variables having high significance (median p-value b 0.05)
in the susceptibility based on combined dataset: local relief (mean),
local relief (std), MMI (mean), MMI (std), profile curvature (std),
slope (mean), slope (std), distance to stream(mean), distance to stream
(std), and VRM (std). We checked the pairwise collinearity among the
selected set of variables (Belsley et al., 1980), and Fig. 6 shows the re-
sults of the analysis. We discarded the following variable with values
in the correlation matrix larger than 0.7: (i) local relief (std) being
data set obtained after 20 susceptibility computations.

Image of &INS id=
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Fig. 6. Diagram showing the correlation matrix of the examined variables.
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correlated with to local relief (mean) and slope (std), (ii) distance to
stream (mean) being correlated with local relief (mean) and distance
to stream (std), and (iii) VRM (std) being correlated with slope
(mean) and slope (std). As a result, we identified seven independent
variables for modeling; local relief (mean), profile curvature (std),
slope (mean), slope (std), distance to stream (std), MMI (mean), and
MMI (std). The physical meanings of these variables are described in
the following. Slope and its standard deviation are notoriously related
to the occurrence of landslides. Local relief is the maximum difference
in height in a local neighborhood of each pixel and can be related to
slope instability caused by tectonic uplift. It partially correlates
with slope. The large standard deviation of profile curvature can be
interpreted as a slope surface that has, for example, upwardly both con-
cave and convex features. Standard deviation of stream distance is di-
rectly related to drainage density and one can expect low-density
regions to be associated with large standard deviations of distance to
streams, and vice-versa. This quantity can be correlatedwith lithological
and climatic characteristics of the territory. Finally, the mean value of
MMI as the triggering variable representing the severity of ground shak-
ing contributes to the sliding forces. A large standard deviation in MMI
for a given slope unit may be associatedwith dramatic variation inmor-
phology or lithologic units. The actual relevance of each variable, in con-
junction with the others, is given by the significance within the specific
statistical model, provided by p-values.

4.2. Defining the optimum training set

We identified the optimum training set considering its size and rep-
resentativeness, by testing different models. We used the high-quality
inventories listed by Harp et al. (2011) for the validation of the models.
To create the training dataset,we randomly selected an increasing num-
ber of EQIL. We then examined the susceptibility model validation per-
formances (for the different validation inventories), analyzing the
variation of AUC (Area Under ROC Curve) values and their uncertainty
obtained for five different training sets. The same five sets were pre-
pared and evaluated using a different number of inventories (Fig. 7).
The results of this analysis show that the AUC values do not steadily in-
crease when the training sets include more inventories, but they stabi-
lized after a certain number. Additionally, AUC values show similar
variation (overlapping bars) up to 12 inventories. For example, in
Fig. 7e, the AUC values for a model trained by randomly selected eight
inventories changes between ~0.6 and ~0.7, overlapping to the variation
bars obtained considering a lower number of inventories. However, we
do not observe such a variation considering at least 12 inventories. On
the other hand, Fig. 7g shows that the uncertainty of the model de-
creases following the increase in the size of the training set. The uncer-
tainty values stabilize to a value close to 0.05 when at least eight
inventories are used. We use this to justify the creation of training sets
using at least eight inventories (corresponding to ~800 presence and
~800 absence SUs) and where is possible with at least 12 inventories,
to develop a stable model with low uncertainty.

Also, the analysis in Fig. 7 shows that the EQIL inventories may not
always be accurate enough to predict all the EQIL validation inventories.
For example, Fig. 7b shows that we could not improve the AUCs of the
model although we tried various combinations of training sets. Another
aspect resulting from the analysis is that the AUC seems not to be
completely controlled by the size of the training set but also by its rep-
resentativeness. For example, Fig. 7d shows that the AUC value is 0.86
(but with large variation) for a model trained by a single randomly se-
lected inventory, whereas the average AUC value is around 0.78 for
the models trained by at least 12 inventories. This may indicate that it
would be better selecting specific EQIL inventories, in place of a combi-
nation of them, as a training dataset to generate susceptibility models
applicable to an earthquake occurring in similar EQIL zones.

To examine this in more detail, we selected the 1978 Izu Oshima
KinKai (Suziki, 1979) inventory (Fig. 7d) as a validation set, and trained
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Fig. 7.Graphs showing the variations inAUC formodels based ona varying number of inventories andwith changing validation inventories: (a) 1999 Chi-chi (Liao and Lee, 2000), (b) 1983
Coalinga (Harp andKeefer, 1990), (c) 1976Guatemala (Harp et al., 1981), (d) 1978 IzuOshimaKinKai (Suziki, 1979), (e) 2008 Iwate-Miyagi-Nairiku (Yagi et al., 2009), (f) 1994Northridge
(Harp and Jibson, 1995, 1996) inventories. AUC is shown as dots, and vertical lines show the data range of AUC based on five replicas. In (g) the uncertainty of AUC is shown in relation to
the size of the training set.
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separate models using each of the other inventories (Fig. 8). We also
trained amodel by selecting part of the SUs belonging to the Izu Oshima
Kinkai inventory. We used this last as a reference to select the models
that even if trained with other inventories are able to perform better.

Results show that the accuracy (ACC) is around 80% when we
trained the model using the Chi-chi, Denali, Gorkha, Kashmir, Kiholo
Bay, Lefkada, Loma Prieta, or Yushu inventories. On the other hand,
training a model with some other inventories such as Coalinga,
Hyoge-ken Nanbu, Kumamoto, Ludian, Lushan, or Minxian-Zhangxian
causes a much lower model performance. For example, ACC is 21%
when the model is trained with the Hyoge-ken Nanbu inventory.

To assess the sensitivity of the model performance for various com-
binations of training inventorieswe used again the Izu OshimaKinkai as
a validation inventory. First, we combined the eight inventories listed
above that gave the highest model performance (selected group 1).
Second, we randomly selected one of the inventories used in selected
group 1 and replaced it with the badly predicting Hyoge-ken Nanbu in-
ventory (selected group 2). Third, we selected the Chi-chi inventory,
which gives a highmodel performance and combinedwith seven inven-
tories that give a lowmodel performance (selected group 3). Lastly, we
combined all inventories excluding the Izu Ohima Kinkai inventory it-
self and trained a model (selected group 4). Fig. 8 shows that the
model accuracy decreases from 83% to 58%, from selected group 1 to se-
lected group 3. In addition, ACC is 70% for the model combining all the
inventories, which is also much lower than the value of the model
using the most representative inventories in selected group 1. These

Image of Fig. 7


Fig. 8. Results of models validated by the 1978 Izu Oshima KinKai inventory (Suziki, 1979) and trained by various inventories or inventory sets. TN: True Negative; TP: True Positive; FN:
False Negative; FP: False Positive. The accuracy (ACC) of themodels represented graphically by the sumof the two lower bars is comparedwith the accuracy obtained training themodel in
the validation area (dashed reference line). See text for explanation of the selected groups 1 to 4 on the right-hand side.
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findings reveal that excluding irrelevant inventories from the training
set helps us to improve the model performance.

To additionally examine this issue, we conducted analyses similar to
that made for the Izu Oshima Kinkai inventory, for all the inventories.
The validation performance results in terms of ACC are shown in the
matrix in Table 3.

Table 3 reveals that models trained by single specific inventories
give a low performance in most of the cases. To identify them, we
calculated the averages of accuracy of themodels trained by each inven-
tory (right column in Table 3).We defined a given inventory as not suit-
able for training if the resulting model on average is not capable of
estimating at least half of presence and absence SUs correctly. As can
be seen in Table 3, this was the case for five inventories: 1983 Coalinga
Table 3
Table showing the validation accuracy (ACC) of models trained and val
highlighted in red, from 51 to 75 in orange, and from 76 to 100 in green.
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Chi-chi 91 70 79 56 82 72 82 56 63 43 6
Coalinga* 55 64 9 45 29 38 28 63 47 33 5

Denali 95 44 72 65 89 74 82 40 56 67 6
Friuli 95 45 91 67 89 74 80 60 57 72 5

Gorkha 87 70 91 61 80 73 83 50 62 46 6
Guatemala 83 70 8 58 75 68 67 66 59 48 6

Izu Oshima Kinkai 63 70 36 44 55 60 68 59 53 36 5
Iwate–Miyagi Nairiku 76 71 40 55 79 65 72 72 59 37 6

Haiti 75 70 44 58 60 69 67 61 63 41 5
Kashmir 95 70 92 65 89 74 80 39 58 75 5

Kiholo Bay 90 71 65 46 86 71 81 63 59 48 7
Hyogo-ken Nanbu* 36 48 87 57 20 38 21 67 53 36 6

Kumamoto 60 70 18 47 45 52 54 68 51 34 5
Lefkada 90 42 88 48 86 74 83 43 60 58 6
Limon 70 68 85 63 57 68 77 40 57 52 7

Loma Prieta 90 65 24 55 88 72 81 44 57 59 4
Ludian* 43 48 21 32 37 36 51 62 44 30 2
Lushan* 49 58 63 44 36 40 39 61 45 28 5

Minxian-Zhangxian* 17 36 20 43 19 28 25 60 44 31 5
Northridge 79 72 17 47 68 57 63 63 54 34 5

Pisco 73 69 86 58 54 70 77 51 62 44 6
Sierra Cucapah 90 70 56 61 64 73 79 48 63 53 6
Eastern Honshu 58 71 8 46 50 52 60 67 54 33 5

Wenchuan 76 70 66 54 63 67 79 60 59 39 6
Yushu 72 70 61 44 58 65 80 56 59 39 5
(Harp and Keefer, 1990), 1995 Hyogo-ken Nanbu (Uchida et al., 2004),
2014 Ludian (Ying-ying et al., 2015), 2013 Lushan (Xu et al., 2015),
and 2013 Minxian-Zhangxian (Xu et al., 2014a) inventories.

We explain such low performances of models trained by certain in-
ventories for two reasons: (i) the factors controlling landslide initiation
may be different for the inventories used for training and validation, or
(ii) the inventory used to train the model may have low quality. Low
quality refers to lack of geographical and thematic correctness of the
information shown on the map (Guzzetti et al., 2012). If this is the
case, the training inventories spatially do not represent the EQIL causal
factors properly, and thus give a low model performance. In any case,
excluding these inventories from a training set helps to improve the
model performance.
idated by different inventories. Accuracy values from 0 to 50 were

odel validated by

Ki
ho

lo
 B

ay

H
yo

go
-k

en
 N

an
bu

Ku
m

am
ot

o

Le
fk

ad
a

Li
m

on

Lo
m

a 
Pr

ie
ta

Lu
di

an

Lu
sh

an

M
in

xi
an

-Z
ha

ng
xi

an

N
or

th
rid

ge

Pi
sc

o

Si
er

ra
 C

uc
ap

ah

Ea
st

er
n 

H
on

sh
u

W
en

ch
ua

n

Yu
sh

u

A
ve
ra
ge

9 71 92 69 57 52 53 54 51 73 99 73 93 85 58 69
3 65 39 25 22 21 63 62 55 50 70 34 28 51 51 43
4 54 93 62 77 51 44 53 45 68 99 86 93 79 55 68
3 44 93 61 80 45 60 44 65 63 65 89 93 80 57 69
2 64 93 64 61 48 45 56 50 61 98 80 92 85 55 68
4 81 81 54 52 48 43 57 61 72 91 61 78 76 55 63
9 62 84 51 33 52 64 66 63 72 87 32 81 71 61 59
2 80 82 54 54 52 61 57 61 74 89 66 79 70 54 65
9 72 86 64 46 47 50 62 59 73 85 67 87 76 59 64
2 47 92 61 79 42 38 43 44 68 99 84 93 81 46 68
9 65 83 74 63 55 35 54 42 73 98 53 86 81 57 67
2 68 25 53 33 53 46 45 37 44 13 56 34 25 53 43
9 75 68 51 27 41 60 66 54 68 78 47 70 69 56 55
6 56 90 85 73 50 44 53 36 71 99 68 92 83 58 67
1 45 89 59 76 45 60 57 40 64 68 89 88 46 55 63
8 39 88 51 73 62 46 52 44 69 99 71 91 84 53 64
8 34 29 40 21 41 61 68 61 44 61 11 9 66 50 40
4 24 43 34 20 31 65 71 55 45 66 16 21 68 50 44
4 15 14 20 20 15 60 58 67 36 27 11 13 56 48 32
9 70 77 53 31 65 42 60 61 70 97 47 73 80 57 59
2 72 89 63 53 57 62 65 58 71 78 77 89 68 60 66
8 59 88 67 64 52 60 63 63 70 86 80 85 80 58 67
9 70 63 47 24 64 60 63 63 68 69 40 57 70 60 55
2 75 90 65 42 52 57 64 63 75 94 68 90 82 57 66
8 65 84 55 38 48 63 64 62 69 87 69 85 73 63 63
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4.3. Categorization

For the EQIL inventory dataset, k-means algorithm identified five
clusters with a Jaccard coefficient higher than 0.5 (Table 2). However,
Cluster-5 was constituted by a single inventory, which is the 2006
Kiholo Bay inventory of Harp et al. (2014). Thus, we repeated
the clustering for four clusters, and we had at least four inventories
for each cluster (Table 4). This decreased the Jaccard coefficients
for Cluster-1 and Cluster-4 to 0.5, which is the limit of unstable clusters.

In addition to the summary statistics we used to define these clus-
ters, we examined some of the characteristics of the analyzed
landslide-affected areas (e.g., faulting mechanism, lithologic units, cli-
matic conditions) to evaluate the success of our clustering (Table 4).
Similar characteristics observed in the inventories categorized under
the same cluster can be interpreted as a sign for a tailored categoriza-
tion. For example, under the most stable cluster (Cluster-3) (Table 4),
we have the 2008 Wenchuan (Mw 7.9) and 2015 Gorkha (Mw 7.8)
earthquakes, occurred in similar geomorphic (Kargel et al., 2016) and
seismotectonic settings (Wilkinson et al., 2015). The 2005 Kashmir
earthquake (Mw 7.6) is another continental thrust earthquake similar
to Wenchuan and Gorkha earthquakes and categorized under Cluster-
3. The 2013 Lushan (Mw 6.6) earthquake that also categorized under
Cluster-3 occurred in similar tectonic, topographic and geologic condi-
tions with the 2008 Wenchuan earthquake (Zhou et al., 2016). On the
other hand, the 2014 Ludian earthquake (Mw 6.2), occurred about
300 km south of the epicentral area of the 2008Wenchuan earthquake,
is also categorized under Cluster-3. However, the 2014 Ludian earth-
quake occurred on a strike-slip fault that is a different faulting mecha-
nism than the formers. Another inventory categorized under Cluster-3
is the 2006 Kiholo Bay, Hawaii earthquake (Mw 6.7) occurred in a
completely different tectonic setting as a result of normal faulting. We
Table 4
EQIL inventories with some of their characteristics, clusters with the relative Jaccard coefficient

Inventory Dominant
faulting
mechanism

Dominant lithologic unit(s) Do
co

Denali Strike-slip Mixed sedimentary rocks Ve
Friuli Thrust Carbonate sedimentary rocks Co
Lefkada Strike-slip Carbonate sedimentary rocks W
Limon Thrust Carbonate sedimentary rocks and

intermediate volcanics
Ho

Chi-chi Thrust Siliciclastic sedimentary rocks W
Coalinga Thrust Siliciclastic sedimentary rocks W
Guatemala Strike-slip Acidic and Basic volcanics Ho
Haiti Strike-slip Mixed Sedimentary rocks and basic volcanics Ho
Iwate–Miyagi Thrust Pyroclastics, basic and acidic volcanics Co
Izu Oshima Kinkai Strike-slip Basic volcanics and mixed sedimentary rocks W
Loma Prieta Thrust Siliciclastic sedimentary rocks W
Minxian-Zhangxian Thrust Siliciclastic and mixed sedimentary rocks Co
Northridge Thrust Siliciclastic sedimentary rocks W
Pisco Thrust Acidic plutonics, intermediate volcanics and

carbonate sedimentary rocks
W

Gorkha Thrust Metamorphics W
Kashmir Thrust Siliciclastic sedimentary rocks Co
Ludian Strike-slip Mixed sedimentary rocks W
Lushan Thrust Siliciclastic/mixed/carbonate sedimentary

rocks and metamorphics
Co

Wenchuan Thrust Siliciclastic/mixed/carbonate sedimentary rocks,
metamorphics, acidic plutonics and
intermediate volcanics

Co

Kiholo Bay Normal Basic volcanics Ho

Hyogo-ken Nanbu Strike-slip Acidic plutonics W
Kumamoto Strike-slip Basic volcanics and pyroclastics W
Sierra Cucapah Strike-slip Acidic plutonics and metamorphics W
Eastern Honshu Thrust Acidic plutonics, pyroclastics and unconsolidated

sediments
W

Yushu Strike-slip Mixed sedimentary rocks and metamorphics Ve
an
can list similar common features for the inventories categorized under
other clusters. This shows that considering our knowledge regarding
the characteristics of landslide-affected areas, we can partly validate
the meaning of these clusters.

To get the lowest uncertainty, for each cluster we perform the sus-
ceptibility analysis, selecting for each inventory the maximum number
of unstable SUs as possible (i.e., we did not use the same number of
SUs for each inventory in the cluster). For example, in Cluster-1, we
have four inventories (Table 4): Denali (7019 SUs, of which 592 with
landslides), Friuli (362/158 with landslides), Lefkada (116/54), and
Limon (1206/239). To obtain at least 1600 SUs (800 presence and 800
absence SUs) for the training set, we sampled 478 SUs for Denali, 316
for Friuli, 108 for Lefkada and 478 for the Limon inventory with an
equal proportion of stable and unstable SUs (Table 4).

4.4. Model results

For each inventory used for validation,we ran fourmodels following
different approaches (Fig. 9 and Table 5). First, we trained and validated
a model using the same inventories (Named “By itself” in Fig. 9). We
used the result of this analysis as a term of reference for other ap-
proaches. Second, we ran a model for each inventory using leave-one-
out (LOO) (Version 1) approach. Third,we excluded the five inventories
with lowmodel performance indicated earlier and ran a model for each
inventory using LOO (Version 2). Lastly, we used the 4 clusters defined
above and ran a model LOO within each cluster (Version 3), excluding
the five lowest performing inventories as before.

Results show that Version 2 brings to an overall improvement of the
model performance thanVersion 1 (Fig. 10a) in 18 (72%) out of 25 cases.
However, in two cases (Denali and Hyogo-ken Nanbu) we observe the
opposite (Fig. 10a). Clustering (Version 3) significantly improved the
and the number of SUs selected for the modeling for each cluster.

minant climatic
ndition(s)

Cluster ID
(Five
classes)

Jaccard
coefficient

Cluster ID
(Four
classes)

Jaccard
coefficient

Number of
SUs

ry cold moist/wet 1 0.59 1 0.50 478 1686
ol/cold very wet 316
arm wet 108
t/warm very wet 478

arm very wet 2 0.68 2 0.67 306 2196
arm semi-dry
t/warm wet 306
t/very hot wet 306
ol very wet 306
arm very wet 306
arm wet/moist 54
ol wet/moist
arm semi-dry 306
arm dry/cool semi-dry 306

arm very wet 3 0.78 3 0.80 804 2488
ld/cool/warm/hot wet 804
arm wet/moist
ol/warm wet

ld/cool/warm wet 804

t wet/very wet 5 0.50 76

arm very wet 4 0.55 4 0.50 2020
arm very wet 608
arm dry/hot semi-dry 196
arm/cool very wet 608

ry cold wet/moist
d cold moist

608



Fig. 9.Graph showing themodel performances obtained using every single inventory for validation. TrueNegative (TN), True Positive (TP), False Negative (FN), and False Positive (FP). The
accuracy (ACC) of the models is represented graphically by the sum of the two lower bars. Dots show the uncertainty in the model prediction calculated by adopting a bootstrapping re-
sampling technique (Rossi et al., 2010).

Table 5
Results of the covariate coefficients of the logistic regression modeling for different approaches.

Coefficient Version 1 Version 2

Estimate Std. Error Estimate Std. Error

Intercept −5.320238 0.303145 −6.970518 0.382131
Local relief (mean) 0.000008 0.000006 −0.000002 0.000003
MMI (mean) 0.470639 0.033963 0.613354 0.043806
MMI (std) 3.872863 0.526501 2.411564 0.580256
Profile Curvature (std) −72.636361 18.096957 −83.335130 18.008694
Slope (mean) 0.052909 0.007717 0.061207 0.006733
Slope (std) 0.104255 0.016841 0.135553 0.018339
Distance to stream (std) 0.000365 0.000898 0.002635 0.000991

Coefficient Version 3/Cluster 1 Version 3/Cluster 2 Version 3/Cluster 3 Version 3/Cluster 4

Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error

Intercept −5.685920 1.203035 −9.825747 0.779450 −8.865352 0.954572 −7.872276 0.989411
Local relief (mean) 0.000028 0.000025 0.000058 0.000015 −0.000002 0.000005 0.000086 0.000050
MMI (mean) 0.329124 0.139046 0.957197 0.085839 0.627472 0.086758 0.712053 0.110239
MMI (std) 2.126097 1.266574 3.064755 1.147362 5.259031 1.449796 3.185642 1.086221
Profile Curvature (std) −20.477350 24.398948 150.787097 118.238679 −323.307406 142.804829 327.010531 168.990175
Slope (mean) 0.073601 0.024969 0.015551 0.021006 0.109437 0.017495 −0.001040 0.037150
Slope (std) 0.115960 0.038856 0.245183 0.042968 0.186239 0.039213 0.162854 0.047157
Distance to stream (std) 0.000172 0.002360 −0.001316 0.001967 0.003957 0.002495 0.000034 0.001902
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Fig. 10. Graph showing the comparisons between the model performances based on the difference between (a) Version 2 (all inventories minus five worst ones using Leave One Out
approach) and Version 1 (all inventories using Leave One Out approach), and (b) Version 3 (clustering approach) and Version 1.
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model performance in almost half of the cases (in 11 events, 44%)
(Fig. 10b). For example, for the 1991 Limon event, the total percentage
of truly estimated landslide and non-landslide SUs is almost double
(78%) by clustering (Fig. 9). Also, for the 2015 Gorkha event, the 2005
Kashmir, and the 2008Wenchuan events, clustering leads to a substan-
tial improvement of ACC (10% or more) (Fig. 9). On the other hand,
there are 14 (56%) out of 25 cases where we observe a decrease in
model performance after clustering (Fig. 10b). Among these are the
four events that we excluded from training sets (1995 Hyogo-ken
Nanbu, 2014 Ludian, 2013 Lushan, 2013 Minxian-Zhangxian) because
they cause a decrease in model performance (Table 3). If we ignore
them, the average decrease in model performance for the remaining
ten inventories is 3.7% in terms of ACC, whereas the average improve-
ment for the other 11 was 10.0%.

In none of the clusters, we observe a common improvement that is
valid for each member of a cluster. Contrary, we observe a common de-
crease in model performance in Cluster 4 (Fig. 10b).

Fig. 11 shows an example of the results of landslide susceptibility as-
sessment given for the Wenchuan event. The predicted probabilities
(Fig. 11a and b) and their uncertainties maps (Fig. 11c) are shown.
Four-fold (or contingency) plot (Fig. 11d) and ROC plot (Fig. 11e) sum-
marize graphically, the susceptibility results.

An overall evaluation of different approaches shows that we do not
have a large difference in model performance (Fig. 12). As an average,
the ACC ranges between 65% and 70%, and thus we can always estimate
65% - 70% of landslide occurrences in slope units (SUs) regardless of the
approach.
Fig. 12 also shows that in all cases FN (mean values vary from 10% to
13%) is less than FP (20%–25%). FP refers to an overprediction; the SUs
erroneously predicted as unstable by the model. On the other hand,
FN refers to SUs erroneously predicted as stable. For the application in
near real-time as the basis for emergency response, this is amajor prob-
lemwith FNbeing a good indicator of themodel reliabilitywhich should
produce results as small as possible. As an average, the specificities
(TNR) of models range between 65% and 70%, while sensitivities are in
between 60% and 65%.

To test this approachwith earthquakes that were not used as data in
the modeling training phase, we used the selected earthquakes (2011
eastern Honshu, 2013 Hokkaido, 2014 Napa, and 2016 Yujing earth-
quakes) for which only a few landslides were reported.

Based on the proposedmethod, for Napa and Yujing earthquakeswe
used the model Version 3/Cluster 2, whereas for eastern Honshu and
Hokkaido earthquakes we used Version 3/Cluster 4 (Table 5). Results
showed that our global statistical approach successfully estimated the
absence of landslides in slope units for these four events. Table 6
shows that the proposed model identified at least 98% of the slope
units as non-landslide units.

5. Discussion

In this study, we analyzed the representativeness of earthquake-
induced landslide inventories as training data for predictive near
real-time models for landslide probability estimation after an earth-
quake. This analysis was missing in the previous global scale studies.

Image of Fig. 10


Fig. 11.Anexample for the results of landslide susceptibility assessment obtained for theWenchuan event. (a) the landslide susceptibility zonation, (b) the susceptibility zonation overlaid
by the landslide inventory (with black dots referring to observed landslide occurrences), (c) model uncertainty map, (d) four-fold/contingency plots summarizing the confusion matrix
values, and (e) ROC curve.
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For example, Kritikos et al. (2015) trained their model using only the
1994 Northridge (Harp and Jibson, 1995, 1996) and the 2008
Wenchuan (Xu et al., 2014b) inventories and validated it using only
the 1999 Chi-Chi (Liao and Lee, 2000) inventory. As a result, they
argue that their model works successfully beyond the training envi-
ronments. Table 3 shows that we have similar results for the same in-
ventories. We used the 1999 Chi-Chi (Liao and Lee, 2000) inventory
as a validation set and observed that the model performance, in
terms of accuracy ACC was 79% when we used the 1994 Northridge
inventory as training data and 76% when we used the 2008
Wenchuan inventory. However, a model trained by the Northridge
inventory can give a poor model performance in other areas (see
Table 3), for example for the Denali earthquake (where ACC was
only 17%). This reveals that a model may not work properly beyond
the spatial training domain, with performances depending on similar-
ities/dissimilarities between the explanatory variables controlling the
landslide occurrence, across the examined areas. Nowicki et al.
(2014) discuss this issue as well. They tested the success of their
global analysis on four different EQIL inventories and observed that
their model predicts landslides more accurately when applied to the
Wenchuan and Chi-Chi events, and less accurately when applied to
the Northridge and Guatemala datasets. They noted that this may

Image of Fig. 11


Fig. 12. Overall results for classification performance obtained from the different versions of the statistical model.
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be caused by the particular geomorphological or climatological differ-
ences between the various events.

Given these findings, we clustered the EQIL inventory database
based on topographic predictors and ground shaking parameters. Our
analysis, based on Jaccard coefficients, identified one valid cluster, one
pattern and two unstable clusters because we still had a limited dataset
of suitable EQIL inventories. This indicates that our method can be im-
provedwith a larger EQIL database to identify additional stable clusters.
Our findings show that clustering introduced a remarkable improve-
ment in the modeling performance of some of the events. Therefore,
when a new earthquake occurs, using our proposed clustering method,
a set of inventories having similar characteristics (EQIL zone) with the
examined area can be defined. Then the prediction model can be run
using the most representative training set. To derive the required vari-
ables, we can examine the mapping units located inside PGA values
larger than 0.05 g, as an absolute outermost limit of triggered landslides
(Jibson and Harp, 2016).

The limited number of EQIL inventories is not the unique obstacle
that limits the success of clustering of inventories. Both the quality
and the completeness of landslide inventories is an issue that directly
affects the reliability of the susceptibility analysis (e.g., Pellicani and
Spilotro, 2015). Working with relatively large mapping units helped
us to minimize the sensitivity of our model regarding the quality of in-
ventories, whereas completeness is still an issue we could not address
otherwise.We tested every possible combination of the available inven-
tories by using them both as training and validation sets and identified
five inventories that always caused lowmodel performance. A defect in
the completeness/representativeness of EQIL inventories may also be
the reason for low model performance, because some of the landslide
free areas may actually be affected by landslides (Bornaetxea et al.,
2018) introducing inaccuracy in the dependent variable. If this is the
case, even the evaluation of the success of our clusteringmay be inaccu-
rate. For example, the Ludian and Lushan datasets are two of the inven-
tories that resulted in low model performance in general. They both
belong to our valid cluster, Cluster 3. However, clustering caused a de-
crease in their model performance, while all other members of the
same group gave a better result after clustering (Fig. 10b). If we attri-
bute this decrease to the inventories inaccuracies, we can argue that
Table 6
Model results for non-landslide triggered earthquakes.

TN (%) TP (%) FN (%) FP (%)

Eastern Honshu 98.31 0.00 0.00 1.69
Obihiro 99.98 0.00 0.00 0.02
Napa 99.85 0.00 0.10 0.05
Yujing 98.37 0.00 0.01 1.63
in case of having an adequate number of inventories available to define
a stable group, clustering improves the performance of such a group.
This argument will need to be validated by further studies.

One drawback of themethod proposed in this study originates from
the definition of the dependent variables. For a given SU, we considered
the presence of at least one landslide is enough to identify our depen-
dent variable as a presence for the examined SU. As a matter of fact,
the number of landslides is a subjective term andmay show a large var-
iation under the control of several factors such as mapping methodol-
ogy, amalgamation of coalescing landslides, and the quality and
resolution of interpreted imagery (Tanyaş et al., 2018). To address this
issue, areal coverage of landslides for each mapping units may be con-
sidered as the dependent variable. This needs to be examined in further
studies.

Another drawback of our method is caused by the limited represen-
tations regarding both the dynamic and static predictors. The resolution
of ShakeMap is rather low and does not currently directly account for
topographic amplification of seismic energy, which can significantly in-
crease amplitude of shaking at slope tops and ridges (Jafarzadeh et al.,
2015). Duration of shaking (Jibson, 2011; Jibson et al., 2004) and rup-
ture direction (e.g., Gallen et al., 2016) are some other factors affecting
earthquake ground shaking. These factors can also take a role in the
landslide initiation process (Jibson, 2011; Jibson et al., 2004) but they
are not directly accounted by ShakeMapeither. Therefore, improvement
in ground shaking parameters may help considerably to improve the
model results. Geotechnical features of slopematerials are also essential
to assess the landslide distribution because they control the shear
strength parameters of a slope. However, we do not have such a dataset
that is available globally. Similarly, we could not account for the effect of
previous earthquakes (Parker, 2013), or previously occurred landslides
(Samia et al., 2017).

Finally, our method cannot predict the occurrence of lateral spreads
or quick clay landslides becausewe could not train ourmodel due to the
lack of data regarding lateral spreads. Except for the inventory created
for the 2011 Eastern Honshu, Japan earthquake (Wartman et al.,
2013), we do not have any inventory that lateral spreads were mapped.
To address these issues, further studies are required.
6. Conclusions

This study proposes a comprehensive method for near real-time
landslide probability estimation using a logistic regression model
based on slope units and incorporating 25 EQIL inventories. We exam-
ine three different models that all developed using leave-one-out and
trained by (i) all inventory (Version 1), (ii) all inventoriesminus five in-
ventories with low model performance (Version 2), (iii) identified
groups of inventories (Version 3). We show that we can correctly
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predict the stability condition of at least 65% ofmapping units using any
of these models.

Previous studies noted that the global analyses suffer from having a
lack of EQIL inventories (e.g., Kritikos et al., 2015) and inadequate
training data that are not representative of the site of prediction
(e.g., Robinson et al., 2017). Given these remarks, we examine the size
and representativeness of the training set for a global analysis consider-
ing the classification performance. We conclude that if the training set
has adequate representativeness, we can have high performance re-
gardless from its size, whereas if the training set has a lack of represen-
tativeness, its size does not make any difference in classification
performance. An increase in the size of the training set mainly helps
us to have a model with lower uncertainty. These findings show us
that we can follow a balanced sampling strategy between different in-
ventories to create our training set. Therefore, to overcome the domi-
nance of some inventories in a training set caused by their large
landslide population, we can sample an equal number of landslides
from each inventory participated into a training set to increase the rep-
resentativeness of a training set.

We propose to categorize the EQIL-events considering the similar-
ity between static and dynamic causal factors to identify the most rel-
evant training set for a given landslide-event. We categorize our
inventories into four groups and develop a specific model for each
of them. The findings of these models show that if we have an ade-
quate number of inventories to identify a stable group, categorization
of inventories and developing a specific model helps to increase
model performance. However, our findings release that we need a
larger EQIL database to create stable EQIL zones. The available EQIL
database has not adequate representativeness to successfully predict
EQIL distribution in every landslide-effective area. In the future,
with a larger EQIL database, we can improve this global approach
identifying more stable EQIL zones. We can also upgrade this model
with smaller, higher detail SUs, if we have higher resolution ground
shaking parameters.

We also conclude that the training set constituted by inventories
with unknown quality and completeness levels may result in low
model performance. Therefore, we propose to include the inventories
with reliable metadata that help us to evaluate their quality and com-
pleteness levels.

The proposed categorization method and the available EQIL inven-
tory database (Schmitt et al., 2017) can be used to improve the perfor-
mance of any global statistical approach for rapid assessment of EQIL.
This could provide valuable information regarding potential blockages
of roads, streams and rivers, and other critical lifelines which are critical
for the emergency-response phase.
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